This paper presents a linear-based restoration method for bleed-through degraded document images and uses a Bayesian approach for bleed-through reduction. A variation of iterated conditional modes (ICM) optimisation is used whereby samples are drawn for the clean image estimates, whilst the remaining variables are estimated via the mode of their conditional probabilities. The proposed method is tested on various samples of scanned manuscript images with different degrees of degradation, and results visually compared with a recent user-assisted restoration method.
INTRODUCTION
Reduction in legibility due to progressive degradation is often encountered in the study of documents, particularly handwritten. Many libraries host large collections of manuscripts and documents which are especially vulnerable to such degradations due to the fragile nature of the media on which they were written. Physical restoration of degraded documents is a cost and time intensive process, and may affect the integrity of the original. Restoration methods using automatic image processing techniques therefore have become increasingly popular as they have the advantage of being able to make any number of alterations to the document appearance, whilst leaving the original intact.
Loss of textual information in degraded documents may be classified into four categories:
(i) Fading of text due to light exposure or flaking ink.
(ii) Obscured or missing text due to degradation of the writing medium. This may be caused by damp, mould, parasites, or inherent brittleness in the medium.
(iii) Bleed-through interference, where ink has seeped through from one side of a page to the other.
(iv) Digitisation of documents may introduce noise artifacts and degrade the textual information. For example non stationary noise due to variable illumination, 1 show-through caused by the scanning of double sided documents, 2 and images that appear warped as a result of inherent curvature in the document, for example due to binding. This paper focuses on degradation caused by bleed-through interference, and proposes a method for bleed-through removal using a linear-based degradation model. A previous version of this work can be found in, 3 however the model has since been altered with the addition of several new priors and a change in the iteration scheme used.
RELATED WORK
The problem posed by bleed-through degradation has attracted an increasing amount of attention over the past decade. Different approaches may be categorised into one of two groups; blind and non-blind. Blind methods work with an image of one side of the document only, whereas non-blind methods work with registered images of both the recto and verso sides, on the assumption that images of both are available.
Due to the relative lack of image data, blind methods often involve an intensity based thresholding step, making the assumption that the bleed-through intensity is distinct from that of the foreground text, such as hysteresis thresholding in Ref. 4 , and the recursive unsupervised classification method of Ref. 5 . Other blind approaches include that of Tonazzini et al., 6 where they separate the RGB colour channels of a single image into foreground, background, and bleed-through classes using independent component analysis (ICA). Tonazzini then, in Ref. 7, applies this method to different colour space representations of manuscript images for bleedthrough removal and information content maximisation. More recently Wolf, in Ref. 1, addresses the problem via a dual-layer Markov Random Field (MRF), using two hidden label fields and one observation field.
Non-blind methods have the advantage of more available data, however they are essentially two-stage processes. Firstly recto and verso sides must be registered so that they are aligned and of the same resolution, then the second stage is the bleed-through removal. Many non-blind methods use the increased amount of data to improve the results of thresholding algorithms compared to blind methods. Castro 11 adding in a second threshold level for the bleed-through interference. These methods both focus solely on early music documents. Tonazzini et al. 12 extended the ICA method to grayscale images of double-sided documents, using the flipped verso image as one of the sources. More recently Huang et al. in Refs. 13, 14, propose a method for bleed-through reduction on more severely degraded documents that takes a small set of user input training data for the background, foreground text, and bleed-through interference of both recto and verso pages, and uses this to locate and remove bleed-through interference via a dual-layer MRF model. Moghaddam et al. 15 use diffusion models for the recto and verso texts, and the background medium, and apply a reverse diffusion model to remove interference. They have since applied this diffusion method in a unified framework, 16 using variational models for blind, non-blind, and severe bleed-through removal.
The linear-based model presented here is similar to that of Tonazzini et al. 12 However, constant mixing parameters across the images are not assumed, nor is it assumed that the extent of bleed-through is the same on both sides.
REGISTRATION
In order that the bleed-through on each side is aligned with the originating text on the other, registration of the two images needs to be performed as a pre-processing step. The global affine warp method of Dubois and Pathak 17 is used here, however a slight modification is added whereby the warp matrix is initialised from a set of user defined points. The user selects corresponding feature locations in the recto and verso images, and a least squares fit is performed to the displacements between these points to obtain the initial affine warp. This simple step has helped to reduce computation time significantly, and improve the performance of the algorithm. For the rest of this paper verso will refer to the flipped, registered image of the original verso side.
DEGRADATION MODEL
In the proposed model, it is assumed that an observed degraded recto pixel intensity I r (h, k), at image location (h, k), is a linear combination of the corresponding clean recto pixel Y r (h, k) and some proportion of the clean verso pixel Y v (h, k). The proportion of bleed-through is controlled by α v (h, k), a mixing parameter (0 ≤ α v < 1), and also binary masks defined on both sides M r (h, k), M v (h, k). As the problem is symmetrical, the formation of the observed verso pixel I v (h, k) is similar. The model for each side therefore is as follows (where pixel coordinates are discarded for brevity).
The binary mask terms here are defined to be value 0 where the corresponding image is foreground text, and 1 everywhere else. It is assumed, as in Ref. 1 , that bleed-through degradation is not visible through foreground text, and the combination of the mask terms explicitly ensures that this is the case by limiting the presence of the clean verso image, Y v in the observed recto image to regions where Y r is background and Y v is foreground. This assumption holds for all but the most heavily degraded documents, where bleed-through can be seen to darken foreground characters. It is also assumed that the document image suffers from added noise from other degradations and also the scanning process. This noise is represented in the terms ρ, ν, and is assumed to be zero mean and Gaussian:
BAYESIAN FRAMEWORK
The bleed-through removal method is formulated under a Bayesian maximum a posteriori (MAP) framework. From the degradation model it is clear that the unknown parameter vector for estimation contains six variables:
Applying Bayes' rule, the p.d.f. for the posterior probability of θ given the observed data I r , I v , at a single location, is then
whereM ,α represent the existing state of the mask and linear mixing parameter (on the recto or verso side as appropriate) in the neighbourhood of the pixel site currently being considered. In what follows, the case of the observed recto image is considered only (due to the symmetrical nature of the model, the formulation is similar for the verso side).
Likelihood
Following the degradation model the likelihood combines the influence of both the recto and verso sides to yield a joint Gaussian distribution
Here it is assumed that the noise generating processes of the two sides are independent.
Priors
Prior models for each of the unknown parameters are designed based on the a priori knowledge of what they represent and the effects that they embody.
Masks
The mask variables M r , M v mark the regions of foreground text, and should therefore be smooth in local patches. The widely used Gibbs energy prior for spatial smoothness makes sense in this case. In regions where there is neither foreground text, nor bleed-through degradation, there is no ambiguity and it is clear that these variables should be 1. It is possible to estimate roughly the regions of text, bleed-through and background (using K-means clustering on the degraded image). Using this rough estimate it is sensible then to include a prior constraining the mask variables in the definite non-text, that is, background region. Therefore the prior for the masks is
HereM represents the current state of M r in the 8-connected neighbourhood of the current site, and λ M is a smoothness hyperparameter to encourage the spatial smoothness (in essence an Ising model in this case due to the binary nature of the masks). In all experiments λ M = 1 was set empirically. β r represents a penalty for setting M = 0 in the regions of non-text, and is estimated in the initialisation step discussed below.
Mixing Parameters
Priors for the mixing parameters, α v , α r follow similar logic. Firstly, smoothness is encouraged with the Gibbs energy prior. Secondly, it is necessary when the mixing parameters are present to constrain them to values that would yield material that is close in intensity to the background regions in the clean image. Without this constraint there is nothing limiting the mixing parameters to create useful images since the smoothness of itself does not constrain the absolute value. Finally to prevent the smoothness prior both from spreading the mixing parameters into foreground regions, and also from creating the impossible scenario of bleed-through on both sides in the same location, the mixing parameters are constrained to the initial mask estimates, and against each other. Hence the prior model is
whereα are values of the α v in the 8-connected neighbourhood of the current site,ᾱ v is a rough estimate of α v , obtained during initialisation,M r is the initial estimate for the recto mask, and λ α , λ c are smoothness and constraining hyperparameters respectively, set empirically to λ α = 55, λ c = 5. The smoothness parameter is much higher than for the mask prior so as to ensure that the final clean images retain as little trace of the bleed-through as possible, and to avoid harsh intensity cut offs at character edges; the purpose of the mixing parameters is to blend the bleed-through regions into the background.
Clean Images
A prior is used for the clean image data to encourage, as for the mixing parameters, that the average brightness of the restored document in the bleed-through regions matches the average brightness of the background. This is again a simple Gaussian prior with parameters derived at initialisation.
Here,Ȳ b is an estimate of the average background intensity of the clean image, and σ 2 ρρ is the variance of the background noise as defined above in Section 4. The multiplier M r (1 − M v )α v ensures that this constraint is restricted to bleed-through restored regions only.
SOLUTION
To solve for all the variables, iterated conditional modes (ICM) optimisation 18 is used. A slight modification to the usual process however is made here in that samples are drawn for the underlying clean images Y r , Y v , while the mode of the conditionals are selected for the masks and mixing parameters. The solution for each of the variables is presented below in the case of the recto side only, as, again, the verso equations are similar due to the symmetry of the problem.
Mask Estimate
As the masks are clearly present in both observations, the estimates for the masks are generated using the conditional
In this case the estimation is performed numerically since M r is binary: both M r = 0 and M r = 1 are substituted in the expression above, and whichever yields the greater probability is selected.
Mixing Parameter Estimate
Each mixing parameter is present in only one of the observation terms, therefore the conditional probability at a site is
The estimate of α v at each site is obtained analytically since the expression is quadratic in α v . Hencê
(9)
Clean Image Estimate
The estimates for the clean images are generated with the conditional
This is clearly Gaussian, however instead of maximising the conditional following the ICM process, a sample is drawn from this distribution within ±T standard deviations of the mean (T is set to 0.5 in what follows). This strategy has been employed by other authors working in video and audio restoration. 19 The reasoning behind this is that the mean tends to generate over smooth images, while using an unconstrained random draw is visibly chaotic. Therefore by drawing samples within some distance of the mean, a textural component in the underlying signal is allowed for and the iterative process performs better. The required draw is therefore Y r ∼ N (Ȳ r , σ 2 Y ). By completing the square in the conditional above the mean and variance are extracted:
where
The estimate for σ 2 Y depends on estimates for σ 2 ρρ , σ 2 νν , in the proposed method these estimates are obtained from the observed data using the initial mask estimates.
A secondary estimation method for Y r , Y v that is used every N iterations (N = 10 in this case) is to maximise conditionals that ignore the mask terms and priors, hence
Due to the quadratic nature of Eq.13 in Y r , an estimate of Y r at a site is obtained analytically, givinĝ
where σ 2 is defined as above.
Initialisation
It is well known that good initial estimates are required for ICM to converge usefully, see Fig. 1 . In this work the masks are initialised using k-means clustering on the intensity of the observed images, using 3 clusters. The lightest two clusters are considered to be background of the image and the darkest cluster is then the foreground text. The mask penalties β r , β v are calculated in the same step by creating further masks B r , B v to be to be coincident with the brightest cluster where there is no text. β r is then configured as 100(B r ). The masks and observed images are then used to estimate the noise variance for both recto and verso sides, based on the variance of regions where B r andB v = 0, also the estimates for mean background intensityȲ b (for each side as appropriate) are taken to be the means of these regions. The initial mixing parameters are then obtained from the mask estimates and the observed images as follows (for α v ). Finally initial clean recto and verso estimates
At each pixel location
end if end if end if
are obtained by substituting the relevant initial estimates into Eq.1. 
Algorithm
The overall algorithm may be enumerated as follows:
1. Register the recto and verso sides of the image using the process outlined in Section 3.
2. Initialise all variables as described above.
Ittc21
Ittc2i 
RESULTS
The proposed algorithm was tested on sample extracts from larger high resolution (600dpi) images of from various sources, and with varying degrees of bleed-through degradation. 14 with a user markup of 9 strokes per image (3 each for the recto, verso, and bleed-through labels). All the methods used perform well in the examples where the bleed-through is light, that is the Welsh sample (Fig. 2) , and the Irish sample (Fig. 3) . The Huang et al. result copes best with the lateral diffusion of the bleed-through text in the Welsh sample (see the handwritten number '3' in Fig. 2 ), whereas our previous method did not account for these regions, and there are still some artefacts in the results of the current method. However the Huang method does remove some foreground text most notably in the recto image. The proposed method performs best on the Irish sample, as our previous work leaves visible artefacts, and the Huang et. al method removes some foreground text.
In the more severely degraded samples from the Piers image (Figs. 2&3) , our previous method successfully locates the bleed-through, but again leaves visible artefacts after restoration. In both these examples, the Huang et al. method performs better than the proposed method in regions where the bleed-through is equivalent in intensity to, or darker than foreground text. This is to be expected as a result of the initial user markup. However, overall the proposed method produces a visually more pleasing result, as the Huang et al. restoration is often too harsh such that many foreground regions are replaced with background. The proposed model allows for some ambiguity in the classification, since restoration and classification are essentially performed concurrently. This results in smoother restored images where the inherent character of the medium is preserved.
CONCLUSION
A relatively simple linear-based method for bleed-through removal has been proposed in this work. The algorithm relies on estimates generated from local pixel neighbourhoods in an ICM-based scheme. The performance of the proposed method has been evaluated on small samples images from various manuscripts with differing degrees of bleed-through degradation, and has been shown to perform well in comparison to one of the most recent new methods. However, as there is a lack of ground truth for restoration results, it is difficult to quantify and compare performance accurately, especially as the definition of a restored document can be subjective. The proposed restoration method resulted in document images where the degradation was significantly reduced, whilst allowing for some ambiguities in difficult regions, and maintaining the underlying texture of the original image. The significant downfall of this method, however, is apparent in regions where bleed-through is darker than foreground text and currently this issue is being addressed with the introduction of some user assistance.
